Tomato is a mild season crop and high temperature stress impacts productivity negatively. However, the development of cultivars with improved heat tolerance is possible as genetic variability has been consistently reported. This study aimed to identify candidate genes that impact various traits under heat stress. Genome-wide association studies (GWAS) were conducted on a diverse set of 144 tomato genotypes collected from various germplasm centers and breeding programs. The genotypes were grown under control and heat stress in poly tunnels having mean temperatures of 30°C and 45°C for two seasons and phenotypic data were collected on seven agro-physiological traits. All individuals were genotyped withthe80K DArTseq platform using 31237 SNP markers. Data were analysed using a mixed model based on restricted maximum likelihood (REML). Pattern analysis of the phenotypic data showed five primary clusters each with genotypes from multiple origins. Based on the genotypic data, three wild tomato genotypes showed a degree of un-relatedness with the other materials as they were distantly located from the rest of the genotypes in the scatter plot. Control treatment data were used to ascertain markers that are exclusively important under high temperature stress. A large number of markers were significantly associated with various traits under heat stress. These included strong marker associations for number of inflorescence/plant (IPP), number of flowers/inflorescence (FPI), fresh fruit weight (FFrW), and electrolyte leakage (EL). High association with EL was found due to two SNPs 7858523|F|0-25:G>A-25:G>A and 4705224|F|0-60:C>G-60:C>G located on Chr 6. Other less pronounced marker-trait associations were observed for plant dry weight (PDW), and number of fruit/plant (FrPP).
Introduction
Tomato (Solanum lycopersicum L.) is an important vegetable crop in most regions of the world both for field and greenhouse production. Tomato is also the second largest of the major vegetable commodities produced in Australia (ABS, 2014) , however the size of the harvest fluctuates across years. The national production in 2013-14 was 326189 tons, which was a substantial reduction (-28%) compared to the previous year. This was largely due to a reduced production area (-18%) and dry and hot conditions, particularly in New South Wales, Victoria and Queensland (ABS, 2014) . Tomatoes ranked 16th in quantity and value for Australian agricultural production in 2010, and 20th in 2011; a year that Australia did not rank within the top 20 tomato producing countries. China, India and the U.S. are the largest producers of tomatoes with China surpassing the U.S. in 1995 and maintaining that position. Countries such as Italy, Egypt, Iran and Turkey produce substantial quantities and global production is increasing (FAOSTAT, 2013) . Tomato production is often exposed to extreme temperatures and the frequency of high temperatures is projected to increase with climate change. Climate change is likely to increase the earth's surface temperature between 1.5 and 11°C by 2100 and this will pose serious problems for plant reproduction (Stainforth et al., 2005; Reddy and Kakani, 2007) .When day/night temperatures exceed 26/20°C, tomato fruit set is interrupted leading to significant reductions in yield (Stevens and Rudich, 1978; El Ahmadi and Stevens, 1979; Bartsur et al., 1985; Lohar and Peat, 1998) . Large scale genomic resources can provide insight into the genetics of complex abiotic stresses such as heat stress. Selection for heat tolerance under field conditions provides breeders with general germplasm performance data (Blum, 1988) . However, with the rising global temperatures the need for heat tolerant varieties has increased and new methods of selection should be explored. Genetic variation in tomato fruit set under high temperature stress is vital for selection under heat stress (Alsamir et al., 2017; Mansour et al., 2009; Giorno et al., 2010) . Wild relatives of tomato have been exploited as sources of tolerance to abiotic stresses and diseases. However, it is often challenging to enrich elite lines with genes from wild species while maintaining their agronomical advantage. The complications arise from the polygenic nature of these complex traits (Villalta et al., 2007) .Traditional breeding techniques provide inadequate information on the chromosomal regions controlling the polygenic traits (Semel et al., 2006) . Selection based only on phenotypic analyses under conditions of large genotype-environment interactions is complex. Genome-wide association studies (GWAS) are used to map loci responsible for natural variation in a target phenotype (Saidou et al., 2014; Matsuda et al., 2015) and represent an alternative to bi-parental linkage mapping for determining the genetic basis of trait variation. GWAS is based on the identification of significantly associated genetic polymorphisms in large populations (Brachi et al., 2011) and can therefore be integrated with the phenotypic and genotypic data routinely obtained from plant breeding programs. Thus the genotype-to-phenotype relationships, especially for complex multi-genic traits such as tolerance to abiotic stresses, can be determined. While genetic markers have been found for major tomato fruit quality traits (Ruggieri et al., 2014; Zhang et al., 2015; Zhang et al., 2016) and disease resistance (Arens et al., 2010) , limited information on markers for heat stress tolerance is so far available (Lin et al., 2006; Xu et al., 2017) . DArT markers have been extensively used for genotyping plant populations in various plant species (Wenzl et al., 2008 Iorizzo et al., 2014 Van Schalkwyk et al., 2012) . DArTseq™ represents a combination of DArT complexity reduction methods and next generation sequencing platforms Courtois et al., 2013; Cruz et al., 2013; Raman et al., 2014) . Similar to DArT methods based on array hybridizations, the DArTseq™ technology is optimized for each organism and applied by selecting the most appropriate complexity reduction method (both the size of the representation and the fraction of a genome selected for assays). The objective of this study was to assess genetic diversity in a broad range of tomato materials to identify markers and candidate genes responsible for genetic variation in heat tolerance in tomatoes. This is the first study of its kind which has focused on a large number of tomato traits using SNP markers under heat stress production environments. After validation the marker-trait associations found here may go a long way in tomato breeding to develop materials for heat stress conditions.
Results

Pattern analysis
Phenotypic data
The estimate of genetic variance (V G ) for the number of fruits/plant (FrPP), fresh fruit weight (FFrW), and electrolyte leakage (EL) were small and not significantly different from zero; less than double of its standard error (Table   2 ).Whereas, V G for number of inflorescences/plant (IPP), number of flower/inflorescence (FPI), and plant dry weight (PDW) were large and significantly different from zero. There were small and non-significant estimate of variance component for genotype-by-season (V GS ) for all traits, except for PDW. These results indicate the lack of seasonal effects for these traits. Whereas, the estimated variance for genotype-by-heat stress (V GH ) were significantly different from zero for all traits, except PDW. The values of variance components for genotype-by-season-by-heat stress (V GSH ) were smaller than V GH for all traits (Table 2) . Due the small value of V G , FrPP, FFrW and EL had low linemean heritability. For these traits, most of the variability was explained by V GH ( Table 2 ). The coefficient of variability (CV) of PDW and EL were larger than the rest (Table 2) . These values indicated large variability around the mean. The lack of seasonal effects were also observed from the results of pattern analysis (Figure 2, a and b) . The traits under the same heat stress treatment grouped together across seasons. The effect of heat stress in discriminating genotypes was evident from the results of pattern analysis as traits measured under control and heat stress tended to be in separate groups. The pattern analysis among traits summarized their correlations (Figures 2, a and b) . It seem that the traits could be divided into two groups: one contains fresh fruit weight (FFrW), fruit per plant (FrPP), and number of inflorescences/plant (IPP) and the other contains electrolyte leakage (EL), number of flowers/inflorescence (FPI) and plant dry weight (PDW). Electrolyte leakage under heat stress was more correlated to plant dry weight (PDW), while EL under control was more correlated to FPI. The biplots showed a group of genotypes with higher values for IPP, FrPP, and FPI (Figure 2b ) whereas, another group of genotypes with higher values for FFrW and IPP. There was no obvious grouping based on the origin of the genotypes as the genotypes were seen randomly distributed in the plot.
Markers data
Pattern analysis of the genotype conducted using all markers showed that the wild genotypes USA1 (LA0373), USA2 (LA0716) and USA3 (LA1930) were clearly at a distance from the rest of the materials (Figure 3a) . After removing these three genotypes, the majority of the genotypes grouped into two main groups with a smaller number found scattered in the plot (Figures 3, a and b) . However, again these subgroups did not clearly reflect the grouping based on their origins.
Association analysis
Association analysis for each trait was conducted using the phenotypic and marker data of 144 genotypes. The analyses were resulted using 3,625 markers with non-missing associations (Fig 4) . These marker-trait associations can be assigned to three categories; i) significant under control only, ii) significant under control and heat stress, and iii) significant under heat stress only. The third category of markers-trait association were mostly identified for number of fruit/plant (FrPP), fresh fruit weight (FFrW), and electrolyte leakage (EL) (Figure 4 ). Whereas category one and two were mostly identified for number of inflorescent/plant (IPP), number of flower/inflorescence (FPI), and plant dry weight (PDW). These results were in line with the variance components and pattern analysis on phenotypic data which indicated that these three traits were the ones that discriminated the genotypes in control and heat stress conditions. Table 1 ). The highest marker-trait associations under heat stress treatment were depicted in FFrW, IPP, and FPI whereas the lowest associations were found in FrPP.
Discussion
The plant materials used in this study originated from Southeast Asia, South and North America, and Australia (Table 1 ). The materials were grown under control and high temperature stress during the growing season in the greenhouse where temperatures frequently exceeded 45 o C during the growing season (Figure 1) . FFrW, FrPP, and EL were the three traits that differentiate the response of genotypes under different heat treatments (Figures 2, a and  b) . These three traits showed significant variability for genotype-by-heat treatment (Table 2) . Low line-mean heritability for these three traits indicated that larger number of replications may help get the precise information on these traits. Pattern analysis of the phenotypic data did not group genotypes based on their origin (Figure 2b ), indicating that the materials selected from different geographical origins were phenotypically diverse, and may reflect the relatively recent exchange of genetic variability globally in the 20 th century. This observation is supported by others (Blanca et al., 2012; Reza and Amri 2013) . As expected, pattern analysis on the marker data showed that the wild genotypes (USA1, USA2, and USA3) were substantially different to cultivated forms (Figure 3) . Pattern analysis on phenotypic data also indicated that USA1 and USA3 have high mean value for FrPP and FFrW under heat stress (Figure 2b ). Therefore, they may represent an important source of new trait diversity. The positive marker-trait associations (Supplementary Table  1) were high for FrFW, IPP and FPI whereas relatively low associations were observed for PDW and EL. The association of FrPP with markers was poorly exhibited in these data. The high number of markers that could not be assigned to any chromosome diminished the value of the data. Interestingly, of those unassigned markers a few showed high association with IPP, FPI, and EL (Supplementary Table1). There is a little published evidence of marker distribution under heat stress in tomato (Lin et al., 2006; Xu et al., 2017) , however more evidence is available in other species (Levy and Veilleux, 2007; Ye et al., 2015) . Marker-trait associations reported here are specific to heat stress environment (Supplementary Table 1, Figure 4 ) and relevant information on these associations in tomato is not currently available in literature. While pattern analysis based on marker data indicate the presence of sub-groups (Fig 3) . However these sub-groups did not clearly correspond to the origin of the accessions. Further study is required to identify the cause of these subgroups and how they affect the results of association analysis. While it is important to account for population structure in association analysis, given the size of these data, it would have reduced the power of the analysis (Ranc et al., 2012) . The marker-trait associations reported here are indicative of a complex relationship between phenotypic appearance and the genetic markers (Figure 4) . Their potential use in tomato breeding for heat stress tolerance is likely. However, the QTLs being growth condition specific (Bac-Molenaar et al., 2015) , these marker-trait associations must be validated in a wider set of materials and environments.
Materials and methods
Plant materials
One hundred and forty four tomato accessions collected from around the world were genotyped and assessed for their heat stress response (Table 1) 
DNA extraction and quantification
Fresh young leaves of the 144 accessions were collected for DNA extraction (Sahu et al., 2012) . The DNA was extracted from 200 mg of fresh leaves using the plant DNA isolation Mini Kit (Bioline, Australia) following the manufacturer's protocols. Quality and quantity of DNA was assessed using 2.0% agarose gel electrophoresis. All samples were checked using a Nanodrop spectrophotometer (NanoDrop ® ND-1000 Spectrophotometer, NanoDrop Technologies Inc., and USA) to calculate the ratio of absorbance at 260nm and 280nm. Samples with a ratio of approximately 1.8 were accepted (Desjardins and Deborah 2010) .
Genotyping
Genotyping was conducted by Diversity Arrays Technology Pty Ltd. (Yarralumla, Australia) onthe80KDArTseq platform and 31237 SNPs were used. Four methods of complexity reduction were tested in tomato (data not presented) by DArT and the PstI-MseI method was selected DNA samples were processed in digestion/ligation reactions principally as per Kilian et al., (2012) ; however a single PstI-compatible adaptor was replaced with two different adaptors corresponding to two different Restriction Enzyme (RE) overhangs. The PstI-compatible adapter was designed to include an Illumina flow cell attachment sequence, sequencing primer sequence and a "staggered" and varied length barcode region, similar to the sequence reported by Elshire et al., (2011) . The reverse adapter contained a flow cell attachment region and MseI-compatible overhang sequence. Only "mixed fragments" (PstI-MseI) were effectively amplified. The PCR programme consisted of a denaturation step of 94°C/1 min, followed by 30 cycles of 94°C/20 s, 58°C/30 s and 72°C/45 s, and a final incubation step of 72°C/7 min. After PCR equimolar amounts of amplification products from each sample of the 96-well microliter plate were bulked and applied to c-Bot (Illumina) bridge PCR followed by sequencing on Illumina Hiseq2500. The sequencing (single read) was run for 77 cycles. Sequences generated from each lane were processed using proprietary DArT analytical pipelines. In the primary pipeline the fastq files were first processed to filter away poor quality sequences, applying more stringent selection criteria to the barcode region compared to the rest of the sequence. In that way the assignments of the sequences to specific samples carried in the "barcode split" step were very reliable. Approximately 2,500,000 sequences per barcode/sample were identified and used in marker calling. Finally, identical sequences were collapsed into "fastqcoll files". The fastqcoll files were "groomed" using DArT PL's proprietary algorithm which corrects low quality base from singleton tag into a correct base using collapsed tags with multiple members as a template. The "groomed" fastqcoll files were used in the secondary pipeline for DArT PL's proprietary SNP (presence/absence of restriction fragments in representation) calling algorithms (DArTsoft14). All tags from all libraries included in theDArTsoft14 analysis are clustered using DArT PL's C++ algorithm at the threshold distance of 3, followed by parsing of the clusters into separate SNP loci using a range of technical parameters, especially the balance of read counts for the allelic pairs. Additional selection criteria were added to the algorithm based on analysis of approximately 1,000 controlled cross populations. The Mendelian distribution of alleles was tested in these populations to facilitate the selection of true allelic variants from paralogous sequences. In addition multiple samples were processed from DNA to allelic calls as technical replicates and scoring consistency was used as the main selection criteria for high quality/low error rate markers. Calling quality was assured by high average read depth per locus (the average across all markers was > 30 reads/locus).
Phenotyping
A set of 146 tomato accessions was phenotyped during summer 2014-15 in normal and late planting experiments. The plants were grown inside a hydroponic greenhouse using 10L Coco peat bags as a substrate and fertigated with commercial grade fertilizer recipe. The accessions were evaluated for seven traits including: number of inflorescences/plant (IPP), flowers/inflorescence (FPI), fruits/plant (FrPP), fruit fresh weight (FrFW), plant dry weight (PDW), and electrolyte leakage (EL).
Analysis of variance
Data for each trait were analyzed using mixed model analysis based on Restricted Maximum Likelihood (REML) (Patterson and Thompson, 1971 ) method implemented in ASREML 585 (Gilmour et al., 2009) . The model fitted to obtain variance components was:
where y ijkl was the observation; μ was the grand mean; S j was the effect of season j, where j=1,2; H k was the effect of heat stress k, where k=1,2; (SH) jk was the interaction effect of season j and heat stress k; G l was the effect of entry l, where l=1, 149; (SG) jl was the interaction effect of season j and entry l; (HG) kl was the interaction effect of heat stress k and entry l; (SHG) jkl was the interaction effect of season j and heat stress k and entry l; ε ijkl was the residual effect. All terms except for μ were fitted as random effects. The analysis was done for each trait.
To evaluate the quality of the experiments, two criteria were used: line mean heritability (H) and coefficient of variability (CV). The estimate of variance components were used to calculate line-mean heritability. Line-mean heritability was calculated as the proportion of line-mean phenotypic variance due to genetic variance (Fehr, 1987) :
Where; V G was the estimated variance due to genotype; V GS was the estimated variance due to the interaction between genotype and season; V GH is the estimated variance due to the interaction between genotype and heat stress; V GSH was the estimated variance due to the interaction between genotype and season and heat stress; V ε was the estimated residual variance; s was the number of season; h was the number of heat stress; and r was the number of replications. Coefficient of variability (%) was also calculated for each trait.
Pattern analysis protocol
Pattern analysis (Williams, 1976; Cooper and DeLacy, 1994) using phenotypic data was conducted to study the relationship among genotype based on the measures phenotypic values and to study the relationship among the traits within season and heat stress in the genotype discrimination. A two-way table of genotype by season and heat stress combinations were obtained from REML analysis using the following model:
where y ijkl was the observation; μ was the effect of grand mean; B i |(SH) jk was the effect of block i within planting date j and heat stress k , where =1,2; (SH) jk was the effect of planting date j and heat stress k; (SHG) jkl was the effect of season j and heat stress k and entry l, where l=1,2,…,144; and ε ijkl was the residual effect. All terms, except (SHG) jkl , were fitted as fixed effects. The model was applied for each trait and the results were combined across traits to produce a two-way table of genotype by trait  season  heat treatment. The resulting two-way table of genotype by trait  season  heat treatment from REML analysis was column standardized and used to calculate squared Euclidean distance (SED) among genotype and among trait  season  heat stress combinations. The SED were used as dissimilarity measure in hierarchical cluster analysis with incremental sum of squares (Ward's method) (Ward, 1963) as the clustering strategy. Ordination was conducted using Principal Component Analysis based on Singular Value Decomposition of the standardised table. The clustering results were displayed using an optimized dendrogram (Ari al., 2012) and the ordination results were displayed using biplot with symmetrical scaling (Kroo ef et nenberg, 1997).
Markers data
To evaluate the relationship among genotypes pattern analysis was also conducted for 31,237SNP markers data. Prior to analysis heterozygous values were set as missing. Clustering was conducted using a complementary dissimilarity measure of a simple matching coefficient. This dissimilarity matrix was calculated as one minus the simple matching coefficient (Hubalek, 1982) . Average linkage or UPGMA (Sokal and Michener, 1958; McQuitty, 1967) was used as clustering strategy. Ordination was conducted using Principal Coordinate Analysis based on Eigen decomposition on the simple matching coefficient matrix. Clustering results were displayed using an optimized dendrogram and the ordination results were displayed using a scatter plot.
Association analysis
A two-stage approach was used for association analysis (Stich et al., 2006) . Best Linear Unbiased Predictors (BLUPs) were firstly calculated for each trait and then used to calculate the log-score of each marker-trait association. The BLUPs of genotype by heat stress for the association analysis were obtained from REML analysis using the following model: where y ijkl was the observation; μ was the effect of grand mean; B i |(SH) jk was the effect of block i within planting date j and heat stress k , where =1,2; (SH) jk was the effect of planting date j and heat stress k; (HG) kl was the interaction effect of heat stress k and entry l, where l=1,2,…,149; (SHG) jkl was the effect of season j and heat stress k and entry l; and ε ijkl was the residual effect. All terms, except (SHG) jkl , were fitted as fixed effects. This REML analysis was run for each trait. The log-score was calculated for each marker class based on a t-test for BLUP mean difference between the two marker classes. A log score of three was used as a threshold to declare an association significant (Newell et al., 2012) . The marker was considered to be positively associated with the trait if presence of the marker contributed to better phenotypic performance and vice versa for negative associations.
Weather data
Temperature, relative humidity and photosynthetically active radiation (PAR) in the green house were recorded using a CR200X Data Logger (CAMPBELL SCIENTIFIC, INC., Australia) as shown in Figure 1 .
Conclusion
Genetic variability for heat stress tolerance exists in the tomato germplasm and the variation is distributed well across the continents. Genetic markers under heat stress 586 conditions are associated with various traits although the strength of their association varies among the traits. Fresh fruit weight, a highly important trait under heat stress conditions, is strongly associated with the genetic markers. Further studies may help identify specific markers associated with fresh fruit weight under those environments.
